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The goal of this study is to model the relationships among four variables—early activity, time-pressure reactivity,
underlying performance, and class performance. The specific research questions are: Does procrastination mediate the
relationship between earliness and academic performance? Do gender differences affect procrastination and academic
performance? This study identifies a set of relationships among four variables using structural equation models. Each
variable in the model is rooted in objective measurements through course website datasets and parametric empirical Bayes
estimation obtained from 59 undergraduate engineering students. We found that the degree of procrastination, termed
time-pressure reactivity in this model, mediates the relationship between early activity and academic performance. We also
found significant gender differences among the four variables: female students showed earlier activity and less
procrastination, as well as greater academic performance, than male students. In practice, our findings suggest that the
measurement of students’ time logged on to access course website material can help researchers to estimate students’ short-

term and long-term academic performance, as mediated through the individualized degree of procrastination.
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1. Introduction

Students and non-students alike often deal with
procrastination and the need to calibrate levels of
effort in relation to time pressures. Procrastination
may be defined as a ‘“‘voluntarily delay of an
intended course of action despite expecting to be
worse off for the delay” [1, p. 66]. This phenomenon
can be found in diverse task domains ranging from
daily tasks and decision-making to academic tasks.
In the field of education, procrastination has gar-
nered significant interest among researchers, as it
has been shown to be one of the strongest predictors
of professional and academic struggle and success
[2, 3]. Academic procrastination refers to postpon-
ing the initiation or completion of tasks such as
preparing for exams or completing homework
assignments until the last minute [4-6].

To investigate academic procrastination and its
effects on performance, many researchers have
relied on self-report questionnaires. For example,
the Academic Procrastination State Inventory
(APSI) has several lists of questions addressing
academic-related procrastination behaviors [7].
The Procrastination Assessment Scale-Students
(PASS) measures respondents’ academic activities,
such as writing term papers, preparing for exams or
reading assignments, and attending meetings using
a S-point Likert scale [5]. Using these self-report
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questionnaires, researchers have investigated the
relationships between academic procrastination
and performance [8, 9]. Although the reliability
and validity of the self-report questionnaires have
been tested over several decades [10], it is necessary
to consider additional methodologies to quantify
the behavior of procrastination based on quantita-
tive observation.

A few researchers have observed and recorded
college students’ online activities and modeled their
behavior related to procrastination. The mathema-
tical model in Equation (1) describes human beha-
vior under a deadline [11]. The model follows an
exponential distribution, and it shows that the
amount of work individuals complete before a
deadline increases exponentially as the deadline
approaches. In Equation (1), k represents the
slope of the exponential curve, and it indicates
individual differences in the degree of procrastina-
tion, called time-pressure reactivity. The greater an
individual’s k value, the more the individual pro-
crastinates under a deadline. 4 denotes the undis-
counted work amount, representing the upper
bound of the exponential curve.

f(xsk) = Ae™ (1)

Despite developments in this area, it should be
noted that there is a limited body of research
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available for modeling procrastination and its
impact on academic performance. Using mathema-
tical estimation from observed behavioral datasets,
we note that previous studies have relied on self-
report questionnaires to measure academic procras-
tination and its relation to academic performance,
which naturally introduces biases such as partici-
pants reporting the values they would like to have
rather than the values they actually do have. Bivari-
ate correlations examining a single relationship
between two variables have also been commonly
used. This approach is limited in its practical
applications, however, as several factors naturally
influence dependent variables. Thus, the goal of this
study is to model the effect of procrastination on
academic performance using quantitative models.
The study identifies a set of relationships among
several variables using structural equation model-
ing. Each variable in the model is rooted in objective
measurements developed through course website
datasets and parametric empirical Bayes (PEB)
estimation.

2. Literature review

To investigate the relationships among academic
activity, procrastination, and performance, we out-
lined prior research that links each of these con-
ceptual measures. We reviewed findings regarding
the relationships between procrastination and aca-
demic performance, the latter of which includes
both short-term and long-term performance. In
addition, in order to enhance the quality of our
estimations of procrastination, we developed our
conceptual model from the relationship between the
observable behavior, termed earliness below, to
estimate procrastination.

2.1 The effects of earliness on academic
performance and procrastination

One directly measurable learning activity linked to
procrastination and academic performance is
observing the earliness of learners’ activity before
a deadline. Recent computer—online learning sys-
tems have enabled researchers to track students’
earliness behaviors in a more objective way. Aca-
demic earliness is known to positively affect aca-
demic performance. Auvinen et al. [12] measured
engineering undergraduate students online learning
activity and quantified earliness as the “average
distance of submissions to deadline” (p. 267). In
their study, students who showed higher values on
earliness performed better on class exercises than
those who had low values on earliness within this
online learning environment that provided relevant
performance feedback. Scott and Stone [13] simi-
larly defined earliness as “‘the average number of days

before the deadline that the last problem in each set
was completed” (p. 465) and found a positive
correlation between earliness and exam scores in
online learning systems.

Such earliness behavior has also been shown to
have correlations with procrastination, as measured
by self-report questionnaires. Duffy et al. [14] mea-
sured participants’ arrival time to meetings and
found that participants who reported that they are
less likely to procrastinate arrived earlier to meet-
ings. We note that procrastination has been mea-
sured by self-report questionnaires in previous
studies [3, 15-17], and the result of Duffy et al.’s
study is meaningful in that self-report scores and
earliness behavior is shown to be correlated [14].
From this, we can infer that early activity can be a
negative predictor of procrastination, meaning that
the earlier individuals act, the less they procrasti-
nate.

2.2 Procrastination and academic performance

Researchers have also investigated the relationship
between procrastination and performance. Much
of the literature has demonstrated that procrasti-
nation is related to lower academic performance [1,
8, 9, 18-23]. Academic achievement, as indicated
by course grades or grade-point averages (GPAs),
has similarly been shown to be negatively corre-
lated with procrastination. Researchers have mea-
sured college students’ procrastination in diverse
domains including mathematics [24], writing, and
reading [25] using self-report questionnaires. They
have found negative correlations between procras-
tination and GPA. The less students procrastinate,
the greater the academic performance they can
achieve.

Some researchers, however, have questioned
whether delays in work proximate to deadlines
always result in negative outcomes. In some stu-
dies, procrastination showed no relationship with
academic performance [26-28], while in other
studies, procrastinators sometimes showed higher
academic performance than non-procrastinators
[29]. Such contradictory outcomes of academic
performance as influenced by procrastination
may be due to the different types of procrastina-
tion; Researchers have discerned a difference
between most procrastinators and intentional pro-
crastinators [1, 30]. Most procrastinators hope to
change their delaying behaviors, whereas inten-
tional procrastinators, alternately called active
procrastinators, deliberately suspend their pacing
so that they can work under time pressure in order
to increase their motivation. The GPAs of inten-
tional procrastinators tend to be higher than those
of passive procrastinators, who inevitably post-
pone work despite their intentions to spread their
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work evenly [30]. This mixed relationship between
procrastination and academic performance needs
to be examined based on quantifiable, refined
measurements and reliable modeling.

In assessing academic performance, both long-
term (e.g., GPAs) and short-term (e.g., course
grades) measurements have been considered [23].
The two measures need to be considered separately
because, by definition, procrastination is caused by
a lack of impulse control, which leads individuals to
sacrifice long-term outcomes for the best short-term
outcomes [23]. This relationship between long-term
and short-term academic performance has been
inferred from previous research showing that stu-
dents’ GPAs are positive estimators of class perfor-
mance, which can be measured from assignments,
projects, quizzes, and exams [31].

2.3 Gender difference in procrastination and
academic performance

There are many factors that may affect procrastina-
tion, academic performance, and the relationship
between the two. One observable factor that affects
procrastination and academic performance is
gender. Previous investigations of the effect of
gender on academic procrastination have found
mixed results. One set of studies suggests there are
no significant differences in gender when it comes to
academic procrastination [29, 32-34]. For example,
McKean [35] found the undergraduate-student pro-
crastinators who had high scores on PASS had
lower academic GPAs but no significant effect of
gender on the relationship between procrastination
and GPA was found. Ferrari [36] also could not find
any significant effect of gender on procrastination
when using Lay’s procrastination scale [3]. The
other set of studies has found that procrastination
differs by gender. Some have reported that male
undergraduate students procrastinate more than
female students [37-40]. Since researchers have
relied on self-report questionnaires to investigate
gender differences in academic procrastination,
more research using thorough measurements is
needed to clarify the effect of gender.

Regarding academic performance in relation to
gender, while some researchers have indicated the
effect of gender on academic performance differs
according to the types of classes in which the
students are enrolled [41], researchers mostly have
found that female undergraduate students acade-
mically outperform male students in diverse
domains[42,43]. For example, in the undergraduate
science and engineering major, GPA and class
performance have been found to be better for
female students than for male students [44].
Female students in medical school have also

shown better academic performance and medical
training [45].

2.4 Study aims

Given the unsettled questions in the literature
regarding the relationships among procrastination,
academic performance, and gender, the purpose of
this study is to investigate the relationships among
earliness, procrastination, and academic perfor-
mance (long-term and short-term). Also, the current
study aims to examine the effect of gender on
procrastination and academic performance. To do
so, we will employ a structural equation model
approach to investigate the relationships among
multiple variables at a time and to predict academic
performance from students’ online behavior, as
mediated by the degree of procrastination. The
degree of procrastination in this study will be
quantified using PEB estimation that produces
individual posterior probabilities from both knowl-
edge of the population (prior distribution) and
individual-specific probability obtained from
observed data (likelihood) [46, 47]. The PEB estima-
tion is especially advantageous when individual
sample sizes vary, because it uses pooled informa-
tion about the state of nature in addition to indivi-
dual-specific data. The current study is
distinguished from previous investigations on pro-
crastination in that it is based on objective measure-
ments of learners’ behaviors. That is, we obtained
online activity data and then estimated the degree of
procrastination using PEB estimation to finally
model the relationship between academic perfor-
mance and procrastination. Given the relationships
found in prior research, the specific research ques-
tions of the current study are as follows:

Q1I: Does procrastination mediate the relationship
between earliness and academic performance?

Q2: Do gender differences affect procrastination and
academic performance?

3. Methodology

To address our research questions, we collected a
data set that measures engineering undergraduate
students’ activity when using a course management
website. Individual students’ log-on times, GPAs,
and class grades were automatically recorded.
Based on the students’ log-on times, we modeled
individual time-pressure reactivity using PEB esti-
mation. We then employed a structural equation
approach to model the relationship among ear-
liness, procrastination, and academic performance.
Structural equation modeling enables researchers to
construct multiple relationships among variables
simultaneously [48, 49]. It is useful for analyzing
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various interrelated relationships among indepen-
dent and dependent variables, and also to investi-
gate the mediating effects that explain underlying
processes in human behavior [50, 51]. Gender
differences were further investigated by comparing
variables defined in the current research. The fol-
lowing sections provide detailed information
regarding the research methodology and analyses.

3.1 Data collection

Fifty-nine (32 male and 27 female) undergraduate
engineering students enrolled in a senior level engi-
neering course at The Pennsylvania State University
voluntarily participated in this study [52]. During
the course, five assignments were given to students,
which evaluated and gave additional practice to
students on concepts and their related calculations,
in the class. Each assignment consisted of multiple
questions, with each question accessed separately in
the assignment folder of the course website, which
was organized and maintained by a university
course management system. This allowed for the
tracking of students’ activities on individual ques-
tions, including estimates of the amount of time
spent on each assignment. This in turn allowed for
estimating and quantifying student behavior related
to when they worked on assignments, for how long,
and how much in advance of the deadlines. The
questions were made available on the course website
eight days ahead of each assignment’s due date, and
students were asked to upload their completed work
to the website. For this study, we collected data
from the course website in an automated fashion.
These data included the time and frequency of
students’ log-ons accessing each question for each
assignment, the students’ class grades, and their
GPAs. We adapted the approach taken by Konig
and Kleinmann [11], using page hits and timing of
access of the course website to fit the dataset into the
exponential curve expressed in Equation (1). All the
individual information was coded so that the
researchers could not see the students’ personal
records. We note that it is possible within this
approach for individual student behavior to include
accessing the assignments very early and submitting
them very late, while performing the actual work
somewhere in between. We remark that this aspect
of work in the contemporary education environ-
ment is also a dimension of procrastination, and
would be a part of the collected data. The level of
individual instrumentation did not allow us to
further separate the performance times. That is,
we know how far in advance of the deadline students
accessed each question, and similarly, how far in
advance of the deadline they submitted their
answers, and thus are able to estimate the span of
time that was spent with each question.

3.2 Definition and measurement of variables

To begin testing this study’s structural model, four
variables were defined and measured. The four
variables were early activity, time-pressure reactiv-
ity, underlying performance, and class performance,
which are summarized in Table 1. Early activity
refers to the time students dedicate to work prior to
a deadline, and it was calculated as the average
number of days the students studied prior to the
deadline, as determined by when the students
accessed each assigned question. For example, if
the value of a student’s early activity is 3 (days), on
average, the student begins studying three days
prior to the deadline. This implies that the students
with greater values for early activity tended to study
further ahead of the deadline than students with
smaller values for early activity. The measurement
of early activity is indicated by p, representing the
average number of days students worked prior to
the deadline, and it was calculated by the summed
time-to-deadline calculated in days divided by the
number of log-ons (n). The value of n varied for each
of the 59 individuals, with an average of 26.36 (£
1.41 SD) and a 95% confidence interval of (23.53,
29.18). We assumed that the number of log-ons and
the timing when students logged on represented
their activity. We remark that the frequency and
timing of students’ log-ons for each question may
better represent early activity than their dwelling
time, because it is possible that students leave the
page open but engage in other activities such as
watching movies or playing games.

Time-pressure reactivity refers to the degree of
procrastination and is represented by k, as shown
in Equation (1) [11]. The k values were obtained
from the study’s 59 individuals using PEB estima-
tion [52]. We used the PEB rather than frequentist
estimation because the former provides informa-
tive posterior distributions especially for indivi-
duals with relatively small sample sizes based on
information from both the data collected and the
prior knowledge of a population [47, 53]. Equa-
tion (2) expresses the traditional Bayesian
approach, using parameter k to represent the
unknown state of nature, time-pressure reactivity
in this study, and using p to represent the avail-
able data. In the Bayesian approach represented
by Equation (2), prior distribution f(k), which
conveys the available information prior to
having individual-specific data, and likelihood
f(ulk), which considers the effect of k& on the
prior distribution, were employed to produce the
posterior distribution, f(k|u). Specifically, to pro-
duce the individual posterior distribution in terms
of k,g(k), the Gamma (o, () conjugate prior
distribution for k, represented by
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was multiplied by the individual Gamma (n, k)
distribution, as indicated by
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in Equation (3) [52]. We used the individual Gamma
(n, k) distribution as the likelihood function because
the sampling distribution of individuals’ time-
pressure reactivity represented by the exponential
distribution in Equation (1) is known to follow the
Gamma distribution [53, 54].

_ S (ulk) - f (k)
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It was shown that an individual’s maximum like-
lihood of the posterior distribution through Baye-
sian estimation improves the validity of individual
time-pressure reactivity as compared to point esti-
mates by showing reduced variances [52].
Underlying performance refers to each student’s
quantified long-term academic performance, mea-
sured by students’ GPAs. Finally, class performance
is defined as short-term academic performance,
measured by an individual’s overall class grade.

Table 1. Definition and measurement of variables

3.3 Structural equation modeling

Fig. 1 illustrates a conceptual model of the relation-
ship among early activity, time-pressure reactivity,
underlying performance, and class performance. In
this conceptual model, early activity is indicated as a
predictor, since (1) the relationship can be inferred
from a literature review, as described in the previous
section, and (2) early activity can be used to obtain
time-pressure reactivity using PEB estimation [52].
Time-pressure reactivity is used to determine
whether there are any mediating effects on the
relationship between early activity and underlying
performance, given previous research showing rela-
tionships between procrastination and GPA.
Finally, underlying performance, as represented
by GPA, is indicated as a predictor of class perfor-
mance. Through the model shown in Fig. 1, we are
able to investigate direct, indirect, and mediating
effects among the four variables. The SEM package
in R was used to generate the structural equation
model [55].

4. Results

4.1 Descriptive statistics

Table 2 illustrates the descriptive statistics for the
four variables—early activity, time-pressure reac-
tivity, underlying performance, and class perfor-
mance. Early activity, which was calculated by p,
produced an average of 2.302 days, representing
that on average, students studied 2.302 days prior
to deadlines. Time-pressure reactivity, measured

Variable Definition Measurement
Early Activity Time students dedicate to studying prior to a deadline o
Time-Pressure Reactivity Degree of procrastination k
Underlying Performance Long-term academic performance GPA
Class Performance Short-term academic performance Class Grade
Early Time-Pressure Underlying Class
Activity Reactivity Performance Performance
Fig. 1. Conceptual model for predicting class achievement.
Table 2. Descriptive statistics of four individual variables
Time-Pressure Underlying Class

Early Activity Reactivity Performance Performance
Average 2.302 0.781 3.172 85.311
Median 2272 0.438 3.210 86.140
SE 0.176 0.125 0.060 0.763

95% CI (1.950, 2.654)

(0.531, 1.031)

(3.053, 3.292) (83.784, 86.838)
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by k, resulted in an average of 0.781, meaning
that the slope of exponential distributions imply-
ing the degree of procrastination was 0.781.
Underlying performance, as determined from stu-
dents’ GPAs, averaged 3.172 on a 4.000 scale.
Class performance had an average of 8§5.311% out
of 100% when observing students’ activity. Both
underlying performance and class performance
were taken to represent academic performance
in this study.

4.2 Gender differences in earliness, procrastination,
and academic performance

We found significant gender differences among the
four variables. Fig. 2 illustrates the results of the
nonparametric analyses examining early activity,
time-pressure reactivity, underlying performance,
and class performance. All four variables showed
significant differences between male and female
students. Early activity was greater for female
students (Mann-Whitney; p = 0.0268), while time-
pressure reactivity was lower for female students
(Mann-Whitney; p = 0.0146). The female students
showed greater underlying performance (Mann-
Whitney; p = 0.0001) and greater class performance
(Mann-Whitney; p = 0.0123) than the male stu-
dents.

4.3 The relationships among earliness,
procrastination and academic performance: a
structural equation model

To construct a structural equation model, we ana-

lyzed the correlations among the four variables for
all participants. All four variables—early activity,
time-pressure reactivity, underlying performance,
and class performance—were initially tested and
found to follow normal distributions (Kolmo-
gorov-Smirnov tests: D = 0.084, 0.150, 0.096,
0.101, respectively; p > 0.1). The data were then
transformed using Z-standardization. Table 3
shows the Pearson’s correlation coefficient between
each set of two variables. Early activity had a
significant negative correlation with time-pressure
reactivity but a positive correlation with underlying
performance. Time-pressure reactivity showed a
significant negative relationship with underlying
performance, which had a strong positive correla-
tion with class performance.

Based on prior research and the bivariate correla-
tions found among the variables, the conceptual
model in Fig. 1 was tested. Fig. 3 summarizes the
significant structural equation model results.
Specifically, Fig. 3 shows that early activity nega-
tively predicts time-pressure reactivity (y = —0.499,
p < 0.001), indicating that greater values of early
activity are related to lower degrees of procrastina-
tion. This implies that the earlier students dedicate
time to studying prior to a deadline, the less they
procrastinate in their studying. Time-pressure reac-
tivity negatively predicted underlying performance
(v = -0.294, p < 0.05), which subsequently had a
positive relationship with class performance (y =
0.652, p <0.001). This implies that procrastination
behavior predicts low academic performance in

Early Time-Pressure Underlying Class
Activity Reactivity Performance Performance
35 1 . 14 . 4 rx 20 T .
3T _I_ 1.2 + 35 + —T— 88 |+ +
25+ 14 ST Ses L
< 24 <08 4 £2°5 7 o
o 2+ 284
15 4 06 + 151 &
1+ 04 + Al 082 +
05 T 0.2 + 05 + 80 +
0 0 0 78
Male Female Male Female Male Female Male Female
Fig. 2. Gender differences in four variables. *p < 0.05, **p < 0.01, ***p < 0.001.
Table 3. Correlation coefficient between each set of two variables
Variable 1 2 3 4

1. Early Activity -
—0.499%**

2. Time-Pressure Reactivity
3. Underlying Performance 0.297*
4. Class Performance 0.010

—0.294*

-0.109 0.599%** -

%p < 0.05, **p < 0.01, ***p < 0.001.
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Early Time-Pressure Underlying Class
Activity -0.499 Reactivity -0.294" | Performance |0.652 Performance

Fig. 3. Mediating effect of time-pressure reactivity on the relationship between early activity and academic performance in a structural

equation model. *p < 0.05, **p < 0.01, ***p < 0.001.

both the long term (i.e., GPA) and the short term
(i.e., class achievement).

The structural model in Fig. 3 also indicates the
mediating effect of time-pressure reactivity on the
relationships among early activity, underlying per-
formance, and class performance. Early activity did
not show any significant predictive capability for
underlying or class performance (p > 0.05). Given
that time-pressure reactivity mediated early activity
and academic performance, but early activity did
not predict underlying or class performance, the
model had a full mediation of time-pressure reac-
tivity. That is, the effect of early activity on aca-
demic performance is indirect [51]. The structural
model in Fig. 3 was supported by goodness-of-fit
indices: The CFI for this model was 0.980 and the
SRMR was 0.058, which are greater than the
recommended 0.96 and lower than the recom-
mended 0.09, respectively [56].

We found no differences between male and female
students regarding the relationships among vari-
ables in the structural equation model. This may
be due to the reduced sample size that came from
dividing the dataset into the two sub-groups. How-
ever, the significant gender differences in the four
variables found in Fig. 2 agree with the findings
from the structural equation model illustrated in
Fig. 3. That is, female students’ earlier activity,
lower time-pressure reactivity, greater underlying
performance, and greater class performance com-
pared to their male counterparts’ accord to the
relationships among the four variables in the struc-
tural equation model. A greater value for early
activity predicts lower time-pressure reactivity,
mediating greater underlying performance and
greater class performance.

5. Discussion

The current study found that the earlier students
begin to study prior to a deadline, the less they tend
to procrastinate, which ultimately results in higher
performance. In addition, significant gender differ-
ences were found in the four observed variables. The
significant structural equation model in this study
indicates that researchers can predict students class
performance early-on, by using students’ log-on
times and activity, called early activity in this
study, in the middle of the class through the mediat-

ing effect of time-pressure reactivity and GPA. The
finding that early activity is a predictor of class
performance is in line with previous research find-
ings showing that school engagement is positively
correlated with students’ academic performance.
Wang et al. defined behavioral school engagement
as ‘“‘the actions and practices that students direct
toward school and learning™ [57, p. 466] and used a
five-point scale questionnaire in order to measure
behavioral engagement. They found that low scores
on school participation were associated with low
GPA:s. In the current study, early activity was found
to have a reciprocal relationship with engagement,
as represented by the frequency of log-ons (). This
is because early activity was calculated based on the
summed studying time prior to a given deadline
shown in days divided by the number of log-ons (n).

Male students’ lower academic performance in
this activity can be partly explained by procrastina-
tion, given that lower values for early activity
predict greater levels of procrastination, which
subsequently result in weaker academic perfor-
mance according to the structural equation model.
This result of the different values of variables by
gender implies that, no matter the reason or direc-
tion of gender differences in academic performance,
we may need to consider these gender differences
when designing class systems.

We note several limitations of the current study.
First, we employed a sample of 59 participants from
a specific course to fit to our structural equation
model. The limited number of participants may be
one reason that we found no significant differences
in the structural equation model by gender or in the
models that include gender as a variable. However,
using Tacobucci [58]’s recommendation of a sample
size greater than 50, we showed a saturated CFI in
the structural equation model. Second, there may be
potential bias in measurement based on a course
website, although the instrument used was adapted
from prior studies [11, 52]. We used the number and
timing of log-ons per participant to estimate the
participants’ activity, but the captured click stream
data may not precisely represent their activity for
the designated task. For instance, it is possible that
students downloaded resources at a particular point
in time or logged on to view the assignments and
came back only after checking emails or watching
television. Future studies might consider imple-
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menting more elaborate measurement systems for
extracting the time spent on a designated assign-
ments. Third, we used a convenience sample, which
was made up of 59 undergraduate engineering
students enrolled in the same course who are similar
in age (21-26 years old) and have relatively similar
levels of academic preparation. Data collected from
different settings should be used in future studies to
increase the reliability of the current findings.

These results imply that the measurement of
students’ log-on times in accessing course website
material can help researchers to estimate students’
short-term and long-term academic performance,
as mediated through individualized time-pressure
reactivity. The finding that students’ class grades
and GPAs can be estimated from students’ time
logged on to a given course website is applicable to
online learning systems. Based on students’ log-on
times, the structural model can generate individua-
lized pacing activity based on individualized time-
pressure reactivity, which mediates students’ class
grades as well as their GPAs. This means that with
only students’ log-on times and deadlines for var-
ious tasks, systems can continually predict and
inform students about their proposed pacing pat-
terns and levels of academic achievement. Thus, this
model could be applicable to online learning sys-
tems in which the interaction between the instructor
and students is limited; in particular, it could help
students to experience adaptive learning.

The estimation of students’ academic procrasti-
nation and performance through a model from the
current study can be used to provide supportive
classroom culture, which affects the number of
engineering students retained in the long term. We
note that engineering students encounter different
challenges from those in other disciplines when it
comes to the use of online education [59]. Since
mathematical equation manipulation and labora-
torial settings are usually required in engineering
education, engineering education is known to be the
hardest area to teach in online education [60, 61].
Such challenges result in high dropout rates among
undergraduate students originally enrolled in
schools of engineering. One of the main challenges
facing engineering education is retaining students
within engineering and in STEM more broadly.
Many researchers have addressed concerns regard-
ing the high dropout rates among undergraduate
students originally enrolled in the engineering
school. Less than 60 percent of undergraduate
engineering students reportedly retain their major
and very few students switch their major from
another field into engineering [62-64]. We note
that individual study times and performance can
be indicators of persistence and retention in engi-
neering education [63, 65] across gender [66]. The

models of earliness, procrastination, and academic
performance in this study have implications for
student retention and success in engineering educa-
tion.

6. Conclusions

In answering our two research questions, we found
that (1) the degree of procrastination, (i.e., time-
pressure reactivity) was found to mediate the rela-
tionship between early activity and academic perfor-
mance, and that (2) gender differences affected
earliness, procrastination, and academic performance
(i.e., underlying performance and class perfor-
mance). Findings in this study were based on the
objective measurement of individual activity
gleaned from the course datasets, which is distinctly
different from other studies that have relied on self-
report questionnaires. The current study collected
engineering students’ academic activity through a
course website, thereby minimizing students’ self-
report biases. In addition, by using PEB estimation,
a more informative estimate of individual time-
pressure reactivity was available even with small
sample sizes. This means that the structural equa-
tion model identified during this study is a reliable
tool for estimating individual academic perfor-
mance rooted in quantified individual time-pressure
reactivity. Such findings have implications for stu-
dent retention and success in engineering education.
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